INTRODUCTION
Slow rotating bearings are an integral part of aerospace and turbomachinery actuation systems. These actuation systems may be driven by electric, hydraulic or fueldraulic power and often operate under high loads and extreme temperatures. This makes these actuation systems and their slow rotating bearings highly susceptible to degradation and failure. Vibration monitoring techniques are not applicable to the PHM of these bearings, because their slow speeds are unable to produce a measureable vibration signature. Furthermore, the slow bearings are sealed and use grease lubrication, thus eliminating traditional oil debris monitoring. To address these problems, Impact Technologies, LLC has developed a PHM system that relies on system identification and uses available control system data and sensor measurements. This PHM system consists of algorithms and models that perform fault detection and identification for the bearings and its actuation train components like valves, pumps, motors, gears and bearings. The PHM process is divided into two stagesdiagnostics and prognostics. Diagnostics is the process of detecting and isolating faults, while prognostics is the process of predicting remaining useful life (RUL) or time to failure. The authors demonstrate the PHM system through simulation on a dynamic model that is representative of hydraulic-mechanical actuation systems used in new and existing manned aircrafts, UAVs and Short Take-off and Vertical Landing aircrafts.
DIAGNOSTICS -MODEL BASED APPROACH
The model-based approach to PHM applies physical modeling and advanced parametric identification techniques. As an advantage over 'black-box' or purely data-driven healthmonitoring schemes, faults and failure modes are traced back to physically meaningful system parameters, providing the maintainer with invaluable diagnostic information. The approach employs a mathematical dynamic model of the system that is directly tied to the physical processes that drive the health of the component [1] . The control command is used on the model to simulate expected system response. The difference between the simulated and actual response is used to perform an estimation of system parameters, e.g., efficiency, friction factors etc (Figure 1 ). The estimated parameters are compared with the baseline health level parameters to estimate system fault and provide a measure for fault severity. 
PROGNOSTICS -EVOLUTIONARY APPROACH
Evolutionary prognostics follow model based diagnostics in the PHM process and tracks system failure modes with a trend-based approach. This approach relies on gauging the proximity and rate of change of the current component condition (i.e., features) to known fault conditions within an N-dimensional feature space. It requires that the parametric conditions that signify known condition-related faults be identifiable and therefore is a logical next step to model-based diagnostics. Figure 2 illustrates this approach in two-dimensional parameter space. Starting at the origin (representing initial, normal operation), measured parameter distributions begin to shift as degradation begins to occur. In the figure, the points labeled '2% Fault' and '4% Fault' represent the parameter space at known fault conditions. Over time, the measured parameter joint distribution moves to other points in the space (Time1 and Time2) and the path of this movement can be projected in feature space to determine the future health state of the system.
PROOF-OF-COMCEPT SIMULATION -HYDRAULIC MECHANICAL ACTUATION SYSTEM
The parameter estimation and, fault detection and prediction algorithms were applied to numerous simulated fault scenarios within a hydraulic-mechanical actuation system Simulink model. Four types of faults/damage levels were monitored via parameter estimation. The faults are: 1) Flow control valve stiction; 2) Bearing damage; 3) Hydraulic motor efficiency loss; 4) Gear tooth breakage. The faults are induced as a level of component damage index on a 0-1 scale, with 0 as no damage and 1 as complete failure. The relationship between parameter change and corresponding damage index is nonlinear. For example, a 10% change from baseline in bearing friction coefficient could signify a 0.2 damage index, while a 20% change could result in a damage index of 1and therefore failure. The results of a simulation run for model based diagnostics with the values of the estimated parameters and their percentage shift from baseline are tabulated in Table 1 . The last column of this table shows low error levels, reflecting a high level of accuracy for this process. The Evolutionary Prognostic algorithm uses past estimated damage levels received from the model based algorithm to calculate the mean RUL and standard deviation associated with each individual competing fault. In this example the bearing, owing to its high level of damage (Table  1 ) has a mean RUL of 1000 hours while the other two components have a mean RUL of 3333 hours. 
CONCLUSIONS
This work successfully demonstrates the feasibility of the model-based algorithm to detect and isolate faults in slow bearings and their actuation system components. It also lays down the framework for an evolutionary prognostic approach. The logical next step in this process is to implement this technique in an aerospace system testbed. 
